Vital scientific communications are frequently misinterpreted by the lay public as a result of motivated reasoning, where people misconstrue data to fit their political and psychological biases. In the case of climate change, some people have been found to systematically misinterpret climate data in ways that conflict with the intended message of climate scientists. While prior studies have attempted to reduce motivated reasoning through bipartisan communication networks, these networks have also been found to exacerbate bias. Popular theories hold that bipartisan networks amplify bias by exposing people to opposing beliefs. These theories are in tension with collective intelligence research, which shows that exchanging beliefs in social networks can facilitate social learning, thereby improving individual and group judgments. However, prior experiments in collective intelligence have relied almost exclusively on neutral questions that do not engage motivated reasoning. Using Amazon's Mechanical Turk, we conducted an online experiment to test how bipartisan social networks can influence subjects' interpretation of climate communications from NASA. Here, we show that exposure to opposing beliefs in structured bipartisan social networks substantially improved the accuracy of judgments among both conservatives and liberals, eliminating belief polarization. However, we also find that social learning can be reduced, and belief polarization maintained, as a result of partisan priming. We find that increasing the salience of partisanship during communication, both through exposure to the logos of political parties and through exposure to the political identities of network peers, can significantly reduce social learning. social networks | collective intelligence | motivated reasoning | polarization | science communication P ublic misunderstanding of climate change is widespread (1) (2) (3) (4) . One reason for this is that climate data are noisy, and thus vulnerable to political and psychological bias (3) (4) (5) (6) (7) . For instance, one well-known source of misinterpretation is "endpoint bias" (6, 7) , in which recent fluctuations in longitudinal data are assumed to predict future trends better than long-term patterns. This tendency is stronger among politically conservative individuals, for whom motivated reasoning has been found to exacerbate the effects of endpoint bias in the interpretation of climate data (6) (7) (8) (9) . An important challenge for science communication is that this bias is often compounded by social network effects. Science communications are typically filtered through peer-to-peer social networks, both in face-to-face interactions and on social media (10) (11) (12) . These social networks not only function as pathways for diffusing media communications, but also help to shape how people interpret these communications (13, 14) . It is especially concerning that conservatives and liberals increasingly discuss climate change within politically homogeneous "echo chambers," where partisan bias is reinforced through repeated interactions among like-minded peers (15) (16) (17) .
To counteract the biasing effects of echo chambers, studies have adopted network-based approaches for reducing belief polarization, particularly through the use of bipartisan communication networks containing equal numbers of conservatives and liberals (18) (19) (20) (21) . These structured network interventions are based on the theory that exposure to diverse beliefs enriches political knowledge and facilitates bipartisan agreement (22) (23) (24) (25) . However, studies on the effects of bipartisan communication networks show strikingly inconsistent results (18) (19) (20) (21) . While some studies find that bipartisan communication networks can enhance both political participation and the quality of deliberation (18, 21, 23, 24) , other studies show that they can backfire by causing people to reinforce their existing political biases (19, 20, 25, 26) .
Popular theories hold that bipartisan communication networks can fail to reduce bias by activating "biased assimilation" (27) (28) (29) (30) , a process in which people defend and reinforce their existing views when confronted by opposing beliefs (25, 26, 31) . These theories are in tension with a large body of collective intelligence research, which shows that exchanging beliefs in social networks can facilitate social learning, thereby improving both consensus and accuracy among individual and group judgments (32) (33) (34) (35) . The limiting factor in prior experiments on collective intelligence in group estimation is that previous tasks rely primarily on neutral questions that do not engage motivated reasoning, raising the question of whether belief exchange in bipartisan networks can indeed facilitate social learning about politicized topics (32) (33) (34) (35) (36) (37) . In support of this social learning hypothesis, recent studies have begun to challenge "backfire effects" in exposure to political beliefs by showing that both conservatives and liberals are surprisingly capable of accurately interpreting peer arguments and media content about partisan topics (38) (39) (40) .
This paper builds on prior work in collective intelligence and social learning (32) (33) (34) (35) to test the hypothesis that exposure to opposing beliefs in structured bipartisan networks can facilitate Significance Scientific communications about climate change are frequently misinterpreted due to motivated reasoning, which leads some people to misconstrue climate data in ways that conflict with the intended message of climate scientists. Attempts to reduce partisan bias through bipartisan communication networks have found that exposure to diverse political views can exacerbate bias. Here, we find that belief exchange in structured bipartisan networks can significantly improve the ability of both conservatives and liberals to interpret climate data, eliminating belief polarization. We also find that social learning can be reduced, and polarization maintained, when the salience of partisanship is increased, either through exposure to the logos of political parties or through exposure to political identity markers. social learning that can reduce (and even eliminate) partisan bias in the interpretation of climate trends. Our main contention is that previous experiments on bipartisan communication have been unable to clearly identify the effects of bipartisan networks on reducing partisan bias because they have had limited ability to control for the salience of partisanship during people's social interactions. For instance, research on priming effects shows that exposure to minimal partisan cues, such as party logos, can activate partisan biases in response to novel information (41) (42) (43) . Moreover, recent public opinion research suggests that biased assimilation is not driven by contact with opposing beliefs but rather by political identity signaling, in which confrontation with individuals who belong to an opposing partisan group strengthens subjects' partisan biases (44) (45) (46) (47) (48) . A key limitation of prior experiments on political polarization and belief exchange in bipartisan networks is that the effects of partisan priming and political identity cannot be excluded from face-to-face discussion groups, in which people are exposed to opposing views and partisan cues simultaneously (18-20, 25, 26) . Prior studies have thus been unable to determine whether bipartisan networks fail to reduce partisan bias as a result of the effects of participants' exposure to opposing beliefs or as a result of their exposure to partisan cues that prime political bias.
Here, we report the results of an online experiment, where a web interface was used to control the salience of partisanship while conservatives and liberals exchanged interpretations of climate data in structured, bipartisan social networks. Based on earlier work, we predicted that conservatives would exhibit significant endpoint bias at baseline when interpreting climate data, creating the potential for increased polarization through biased assimilation (6, 7) . However, we also hypothesized that structured bipartisan social networks could reduce belief polarization in the interpretation of climate data through social learning. Importantly, our theory of social learning suggests that exposure to opposing viewpoints does not generate polarization but rather improves individual and collective judgments among both liberals and conservatives, eliminating belief polarization. Nevertheless, we also expected that these social learning effects could be impeded by increasing the salience of political partisanship during participants' interactions. The results show that there were strong effects of partisan priming on reducing social learning. We found significant effects of both (i) revealing the political identities of players in the network and (ii) minimal priming, via exposure to party logos, on limiting social learning and sustaining belief polarization in bipartisan social networks.
Experimental Design
Two thousand four hundred unique participants were recruited from Amazon's Mechanical Turk for this study. In each trial, subjects were randomized into one of four experimental conditions: (i) a control group of participants with the same political ideology, (ii) a structured social network in which an equal number of conservatives and liberals were shown the average estimate of their network "neighbors" in the absence of any partisan cues, (iii) a structured social network in which an equal number of conservatives and liberals were shown the average estimates of their network neighbors while being exposed to the logos of the Democratic and Republican parties, and (iv) a structured social network in which an equal number of conservatives and liberals were shown the average estimate of their network neighbors along with information about the political identity of each of their neighbors (all conditions are shown in SI Appendix, Fig. S2 ).
In each trial, each condition contained 40 individuals, such that each experimental trial contained 200 individuals. We conducted 12 independent trials of this design. (Additional robustness trials using an additional 1,077 subjects were conducted to test the effects of homogeneous echo chambers on social learning and to identify any differences between showing subjects their neighbors' individual answers versus showing them the average of their neighbors' answers. All results were consistent with our main findings, as discussed below.)
In the control condition, subjects were isolated and not embedded in social networks. In the network conditions, subjects were randomly assigned to a single location in a decentralized social network with a uniform degree distribution, in which every subject had four network neighbors (SI Appendix). Using a uniform degree distribution ensured that no one had greater power over the communication dynamics of the network (35) . Maintaining the same topology across network conditions allowed us to isolate the effects of partisan cues on the exchange of estimates by holding the structure of the communication networks constant across conditions.
In all trials, subjects were presented with NASA's graph ( Fig. 1 ) and asked to forecast the amount of Arctic Sea ice in 2025. To identify endpoint bias in participants' interpretations of NASA's climate data, we considered whether participants' estimates corresponded to the correct trend identified by NASA, that is, above or below the final point on the graph. In this case, the correct trend is downward from the endpoint in the graph (6, 7) .
In every condition, subjects were given three rounds to provide estimates. In round 1, all subjects in every condition provided an independent estimate using the same interface. In round 2 and round 3, control subjects were permitted to revise their answers using only independent reflection, without any information about their peers or their judgments. In the networks without partisan cues, subjects were only shown the average answers of their network neighbors, while they were permitted to revise their responses. For rounds 2 and 3 in the networks with minimal partisan priming, the logos of the Democratic and Republican parties appeared below the group average on the interface. Finally, in the network condition with political identity revealed, subjects were shown the usernames and political ideologies of the four peers connected to them in the social network (Materials and Methods). With this design, any differences in how liberals and conservatives interpreted the climate data between the control and network conditions can be attributed to their exposure to social information. Moreover, because peer estimates were presented in an identical fashion in all three network The graph has been found to produce misinterpretations about the scientific information it communicates because its final data point indicates an increase in the amount of Artic Sea ice in the opposite direction of the overall trend that NASA intended to communicate. Data from ref. 6. conditions (SI Appendix, Fig. S2 ), any differences in the interpretation of the climate data across network conditions can be attributed to the effects of the displayed partisan cues.
For each trial, we measured the change in subjects' accuracy between round 1 and round 3 in terms of the percentage of subjects in each condition who predicted the correct trend in the climate data. We refer to this as "trend accuracy," which is the primary variable of interest for climate communications (6) (7) (8) and the primary measure of interest here. This is distinct from "point estimate accuracy," which reflects precise correspondence with NASA's projections. (Additional analyses for point estimate accuracy are provided in the SI Appendix and are consistent with the results for trend accuracy.) According to this measure, an increase (or decrease) in trend accuracy occurs if the percentage of subjects who predicted the correct trend at round 3 was higher (or lower) than at round 1. We compared the changes in trend accuracy across each of the experimental conditions.
Results Overview
We begin our analysis by confirming that at baseline (round 1), conservatives exhibited significant bias in their predictions and were significantly less likely to correctly interpret the climate change trend (6) (7) (8) (9) . After two rounds of revision, each of the network conditions showed significantly different outcomes. In structured bipartisan networks without partisan cues, we find that participants exhibited strong social learning effects. In these networks, both liberals and conservatives showed significant improvements in their trend accuracy, resulting in the elimination of partisan bias in the interpretation of the climate data. In bipartisan networks with political identity markers, exposure to opposing beliefs still facilitated significant improvements in trend accuracy among subjects, although social learning in this condition was reduced, and moderate polarization was maintained. Finally, in bipartisan networks in which subjects were exposed to party logos during communication, social learning was prevented, and baseline levels of polarization were maintained.
Baseline Partisan Bias in the Interpretation of Climate Trends. To begin our analyses, we measured baseline differences in trend accuracy among liberals and conservatives by identifying how many subjects reported the correct trend in round 1. All subjects in round 1, regardless of experimental condition, provided an independent estimate. Thus, for this baseline measurement, all subjects constituted independent observations. In round 1, conservatives were significantly less likely to interpret NASA's graph correctly. Fig. 2 shows that 60.8% of conservative subjects estimated the correct trend at baseline, compared with 73.9% of liberal subjects (n = 2,164; P < 0.001, χ 2 test). This result is consistent with previous findings that conservative political alignments are correlated with a significant bias toward misinterpreting climate change data (2-7).
Exposure to Opposing Beliefs in Bipartisan Social Networks
Facilitated Social Learning. We began by comparing individual learning in the control condition with social learning in the network conditions. We measured the change in trend accuracy between round 1 and round 3 for the liberal and conservative control groups, the networks without partisan cues, the networks with party logo primes, and the networks with political identity markers. Since the 40 subjects within each network were not independent observations, we measured outcomes at the trial level, such that each trial of 200 subjects (40 subjects per condition) provides five observations. Thus, 12 experimental trials yield 12 observations for each condition and 60 observations in total. This approach permits direct comparisons between outcomes of the control and network conditions, as well as identification of the causal effects of the network conditions on collective outcomes. Fig. 3A shows the average trend prediction for subjects in each experimental condition in round 1 and round 3. The results show strong social learning effects in the bipartisan networks without partisan cues. In particular, at round 1, there were no significant differences between liberal control groups and bipartisan networks without partisan cues (n = 24; P = 0.32, Wilcoxon rank sum test); however, by round 3, bipartisan networks without partisan cues showed significantly greater trend accuracy than liberal control groups (by 9.4 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test). More generally, by round 3, subjects in bipartisan networks without partisan cues achieved significantly greater trend accuracy than subjects in every other condition, including the conservative control groups (by 24.1 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test), the networks with minimal partisan priming (by 13.3 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test), and the networks with political identity markers (by 8.2 percentage points; n = 24; P < 0.01, Wilcoxon rank sum test).
Social learning was reduced in bipartisan networks with political identity markers; however, exposure to network peers with opposing beliefs still facilitated improvements in the interpretation of the climate data. In particular, at round 1, liberal control groups had significantly more accurate trend predictions than bipartisan networks with political identity markers (by 6.3 percentage points: n = 24; P = 0.02, Wilcoxon rank sum test); however, by round 3, there was no significant difference in trend accuracy between these two conditions (n = 24; P = 0.45, Wilcoxon rank sum test). Exposure to party logos during subjects' interactions had a stronger effect on dampening social learning in bipartisan social networks. Subjects in bipartisan networks with minimal priming via party logos were not significantly different from liberal control groups at either round 1 (n = 24; P = 0.08, Wilcoxon rank sum test) or round 3 (n = 24; P = 0.50, Wilcoxon rank sum test) of the study. Fig. 3B shows the magnitude of the change in accuracy for all conditions from round 1 to round 3. In the control condition, conservative subjects exhibited significant but small improvements in trend accuracy based on individual reflection (3.2 percentage points: n = 12; P = 0.05, Wilcoxon signed rank test). Likewise, liberals in control groups also showed significant but small improvements in trend accuracy based on individual reflection (4.6 percentage points: n = 12; P < 0.01, Wilcoxon signed rank test).
As an additional analysis of the results from the control condition, we tested for improvements to trend accuracy using paired individual-level analyses, which provide greater statistical power. The results were consistent with the trial-level measures presented here (SI Appendix).
Comparing these results with the network conditions, we find that improvements in trend accuracy were significantly greater in bipartisan networks without partisan cues (16.6 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test). Subjects in bipartisan networks without partisan cues showed significantly greater improvement than conservative controls (by 13.4 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test) and liberal controls (by 12 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test). Moreover, these subjects also showed significantly greater improvement in the interpretation of climate trends than subjects in bipartisan networks with party logos (by 9.5 percentage points: n = 24; P = 0.01, Wilcoxon rank sum test). Bipartisan networks with party logos did not improve significantly more than either the conservative control groups (n = 24; P = 0.37, Wilcoxon rank sum test) or the liberal control groups (n = 24; P = 0.47, Wilcoxon rank sum test). By contrast, subjects in bipartisan networks with political identity markers showed greater improvement than both the conservative control subjects (by 13.4 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test) and liberal control subjects (by 12 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test). Overall improvement in trend accuracy in the identity marker condition was surprisingly strong, showing no statistical difference from bipartisan networks without partisan cues (n = 24; P = 0.09, Wilcoxon rank sum test).
Exposure to Opposing Beliefs Eliminated Partisan Bias in Bipartisan
Social Networks Without Partisan Cues. To see whether improvements to trend accuracy in the network conditions had implications for belief polarization, we calculated trial-level outcomes for conservatives and liberals within each condition separately. Fig. 4 shows the trend accuracy of each political group in each condition at round 1 and round 3. As expected, at round 1, liberals were significantly more accurate than conservatives in every condition: control groups (n = 24; P < 0.01, Wilcoxon rank sum test), bipartisan networks with minimal partisan priming (n = 24; P = 0.02, Wilcoxon signed rank test), bipartisan networks with identity markers (n = 24; P = 0.01, Wilcoxon signed rank test), and bipartisan networks without partisan cues (n = 24; P = 0.03, Wilcoxon signed rank test). There were no significant baseline differences in trend accuracy among conservatives across all conditions (n = 48; P = 0.37, Kruskal-Wallis H test) or among liberals across all conditions (n = 48; P = 0.84, Kruskal-Wallis H test).
By round 3, however, conservatives in bipartisan networks without partisan cues had significantly more accurate trend predictions than conservatives in the control groups (by 25.4 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test). On average, 88.3% of conservatives in the networks without partisan cues finished with accurate trend predictions, compared with only 62.9% of conservatives in the control condition. Remarkably, by the end of the study, conservatives in the networks without partisan cues also had significantly more accurate trend predictions than liberals in the control condition (by 10.6 percentage points; n = 24; P < 0.01, Wilcoxon rank sum test).
The benefits of social learning were not limited to conservatives. Liberals also improved in networks without partisan cues, finishing with significantly higher trend accuracy than liberals in the control condition (by 7.9 percentage points: n = 24; P = 0.01, Wilcoxon rank sum test). By the end of the study, in bipartisan networks without partisan cues, there were no longer significant Fig. 4 . Change in average trend accuracy, by political group, for each experimental condition. The overall performance of each political group, averaging across all 12 trials, is displayed for both control and network conditions. Network conditions in each trial contain 20 liberals and 20 conservatives, whereas each control condition contains 40 liberals and 40 conservatives, respectively. The trend accuracy of liberals and conservatives in the network conditions was measured by computing the percentage of correct trends estimated by each subgroup, within each network, thus producing two group-level observations for each network and 24 in total for each condition. The error bars display 95% confidence intervals. All observations are at the group level, and are therefore independent (*P < 0.05, **P ≤ 0.01). Ids., identities; w., with. differences in trend accuracy between the liberals and conservatives (n = 24; P = 0.28, Wilcoxon signed rank test). In this condition, partisan bias was eliminated from subjects' interpretation of NASA's climate data. Moreover, conservative subjects in this condition ended the study with a slightly higher average trend accuracy than their liberal counterparts.
In all other conditions, significant partisan bias was maintained, with liberals consistently outperforming conservatives. At round 3, liberals exhibited significantly better trend accuracy than conservatives in (i) the control condition (by 14.7 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test), (ii) bipartisan networks with party logos (by 13.7 percentage points: n = 24; P < 0.01, Wilcoxon signed rank test), and (iii) bipartisan networks with political identity markers (by 12.4 percentage points: n = 24; P = 0.02, Wilcoxon signed rank test).
To identify the effects of partisan priming on social learning among conservatives, we compared the final trend accuracy of conservatives across all of the network conditions. Conservatives in bipartisan networks without partisan cues improved significantly more than conservatives in networks with party logos (by 15.7 percentage points: n = 24; P < 0.01, Wilcoxon rank sum test) and conservatives in networks with political identity markers (by 8.3 percentage points: n = 24; P = 0.03, Wilcoxon rank sum test). These findings suggest that partisan priming significantly reduced social learning; however, we were surprised to find that it did not entirely eliminate social learning. In bipartisan networks with political identity markers, conservatives still showed significantly more accurate trend predictions at round 3 than conservatives in the control condition (by 9.4 percentage points: n = 24; P = 0.04, Wilcoxon rank sum test). Similarly, liberals in bipartisan networks with political identity markers completed the study with a higher average trend accuracy than liberals in the control groups (by 7.3 percentage points: n = 24; P = 0.04, Wilcoxon rank sum test), indicating that both conservatives and liberals benefitted from belief exchange in politically mixed networks, even with identity markers present. The most significant impediment to social learning came from exposure to party logos. Improvements in bipartisan networks with party logos were not statistically different from individual learning in the control condition, for both conservatives (n = 24; P = 0.28, Wilcoxon rank sum test) and liberals (n = 24; P = 0.66, Wilcoxon rank sum test), suggesting that this condition offered a form of partisan priming that prevented social learning.
Robustness. We conducted two additional robustness tests to identify the scope conditions of our results. Because this study focused on bipartisan networks, an open question is whether social learning can reduce partisan bias in social networks that are not bipartisan in composition. As a robustness test, we conducted additional trials where belief exchange without partisan cues was facilitated in structured echo chambers [i.e., networks of 40 people consisting exclusively of liberals or conservatives (SI Appendix)]. Baseline trend accuracy for conservatives and liberals in these trials was not statistically different from that for participants in all other trials (conservatives: n = 53; P = 0.54, Kruskal-Wallis H test and liberals: n = 53; P = 0.92, Kruskal-Wallis H test). We found that social learning was significantly reduced in echo chamber networks compared with bipartisan networks without partisan cues. By round 3, there were no significant differences in the trend accuracy between conservative subjects in echo chamber networks and conservative subjects in the control condition (n = 17; P = 0.26, Wilcoxon rank sum test). By contrast, at round 3, conservatives in bipartisan networks without partisan cues had significantly more accurate trend predictions than conservatives in echo chamber networks (by 17 percentage points: n = 17; P = 0.04, Wilcoxon rank sum test). These robustness tests suggest that politically diverse social networks benefit social learning more than politically homogeneous social networks when the salience of partisanship is minimized in both cases.
We also conducted a set of robustness trials to examine whether political identity markers would disrupt social learning when subjects were exposed to the individual answers of their network peers, as opposed to the average answer of their peer neighborhood. Unlike all of the foregoing trials in this study, in which we studied the network dynamics of peer influence in social networks, this final robustness test was designed to determine whether individuals respond differently to partisan cues when they can see each of their individual neighbors' responses versus when they can only see the average of their neighbors' responses. The results from these robustness tests showed that there were no significant effects of providing individual responses, as opposed to average responses, on subjects' social learning. Subjects' improvement in these trials was consistent with the outcomes observed in the bipartisan networks with political identity markers, in which exposure to peers' political identities reduced social learning (SI Appendix).
Discussion
Prior experiments have found that structured bipartisan communication networks can fail to reduce political polarization, and can even lead to the reinforcement of existing partisan biases. These results have been used to argue that exposure to opposing views drives belief polarization in bipartisan networks (19, 20) . To the contrary, we find that exposure to opposing beliefs in structured bipartisan networks can eliminate partisan bias. These results are consistent with recent experiments (35) , which show that exposure to diverse beliefs can facilitate improvements among less accurate individuals through a process of social learning. Our findings also show that when the salience of political partisanship is increased, even through minimal partisan priming, this social learning effect can be reduced and belief polarization can be sustained. Our findings thus offer a cautionary conclusion. Politically diverse communication networks can indeed eliminate partisan bias in the interpretation of climate data, but increasing the salience of partisanship can significantly limit the effectiveness of social learning.
Our findings contribute to a growing literature on the challenges of communicating scientific findings about climate change in the context of partisan bias and motivated reasoning. Earlier studies of the effects of bias on science communications focused on individuallevel responses to messages, and how these responses are altered by message design and framing effects (1-7). We complement this work by showing how partisan bias can be mediated by structured social networks that act as a filter on judgments, with the capacity to enhance individual and collective understanding of scientific information. Our results suggest that minimizing the salience of partisanship in structured bipartisan networks can offer a useful strategy for improving public understanding of contentious scientific information in settings where polarizing issues can lead to biased interpretations. We anticipate that these findings will provide a useful point of departure for future work that aims to identify how social media networks can be employed to accelerate public understanding of science communications in settings where partisan bias can impede their acceptance.
Materials and Methods
This research was approved by the Institutional Review Board at the University of Pennsylvania, where the study was conducted. All subjects provided their political ideology and informed consent during registration. Conservative and liberal subjects were balanced across a number of demographic traits, including gender and age (SI Appendix). Upon arriving at the study website, participants viewed instructions on how to play the estimation game. When a sufficient number of subjects arrived, subjects were randomized to a condition and the trial would begin. In all trials, subjects were presented with NASA's graph ( Fig. 1 ) and asked to forecast the amount of Arctic Sea ice in 2025. Subjects in all conditions were awarded monetary prizes based on the accuracy of their final estimates. Accuracy was determined by how close their final answer was to NASA's projections (SI Appendix). Because the participants in every experimental condition were equally incentivized to focus on accuracy, economic motivation for accuracy cannot account for any differences in performance across experimental conditions.
Each condition in every trial contained 40 individuals, such that each experimental trial contained 200 individuals. If placed into a network condition, subjects were randomly assigned to one node in the network, and they maintained this position throughout the experiment. The network conditions employed a fixed random network where every node had the same number of connections. We constructed a network with four edges per node, and we employed the same network topology across all network conditions to minimize variance. We used random decentralized networks because previous experiments illustrate that this topology is reliable for generating social learning in online collective estimation tasks (35) . Network conditions varied in whether they displayed additional information on the interface alongside the average of players' network neighbors, where the identity marker condition displayed the political ideologies of network peers and the minimal priming condition displayed an image of party logos for the Democratic and Republican parties (SI Appendix).
Each politically mixed network had an equal number of liberals and conservatives. We sorted subjects based on political ideology because political ideology has been shown to be a highly salient dimension for partisan bias in the domain of climate change (1-7), and because people have been found to strongly define their sense of political identity on the basis of political ideology (41) (42) (43) (44) (45) (46) . In the identity marker condition, usernames were masked for all players, which preserved anonymity among all participants and prevented communication outside of the experiment. In the priming condition, the logos for the Republican and Democratic parties were used as a minimal prime based on recent studies (42, 43) , which show that these logos are effective at priming implicit bias based on both party membership and political ideology (SI Appendix).
Data Availability. The data analyzed in this paper are included as supporting information and are also publicly available for download from the laboratory website of the Network Dynamics Group (https://ndg.asc.upenn.edu).
